INTRODUCTION
============

One of the major tasks for human genetics is to dissect the molecular basis of phenotypic variation. Over the past decades, studies have analyzed and unveiled the genetic variants in the human genome, such as single-nucleotide polymorphisms (SNPs) ([@B1; @B2; @B3]) and copy number variations (CNVs) ([@B4]), which contribute to gene expression variation, and eventually to phenotypic variation in human populations ([@B5]). At the same time, it has been shown that the variability of gene expression is highly different among genes ([@B1],[@B6]). As an example, in lymphoblastoid cell lines, genes with chaperone regulatory activity show high expression variability whereas genes with extracellular function show low variability ([@B6]). However, few studies have focused on identifying genetic factors responsible for the observed difference of gene expression variability among genes.

In recent years, microRNAs (miRNAs) have been identified as a large class of small noncoding RNAs (∼22 nt), present in most metazoan and important for a diverse range of biological function ([@B7; @B8; @B9]). The human genome was predicted to encode nearly 1000 miRNAs which range from forming clusters to scattering across the genomic region ([@B10],[@B11]). These miRNA genes act post-transcriptionally to target mRNA for translational repression, cleavage and destabilization ([@B7],[@B12],[@B13]), and different combinations of miRNAs could coordinately regulate a specific target gene in mammals ([@B14],[@B15]). Due to the regulation of miRNAs, tens of thousands of mRNAs selectively maintain 7 nt sites in the 3′UTR region that match the sequences of the mature miRNAs. It seems that miRNAs make widespread impact on gene expression and 3′UTR evolution ([@B16],[@B17]). Previous studies suggested that in mammal and fly species, miRNAs decreased the cross-species expression divergence and evolutionarily constrained gene expression variation ([@B18]). However, how miRNAs contribute to within species expression variability has not been tested yet. Recent studies ([@B19; @B20; @B21]) have generated genome-wide data for both miRNA expression and population level gene expression profiles in the brain, which can be used to address this question. In this study, with the use of the published expression data of human brain, we aim to exam whether miRNA is one of the forces driving gene expression variability in human populations.

MATERIALS AND METHODS
=====================

Gene expression data
--------------------

We downloaded the cortical gene expression data of 193 filtered samples reported by Myers *et al.* ([@B21]). All samples were self-defined as ethnically European descent. All samples had an age at death from 65 to 100 years, and 46% of them were females. Transcripts that were detected in \<5% of the samples were excluded. The expression profile were Rank-invariant normalized and log~10~ transformed as described before ([@B21]). We mapped the brain expressed probe set (14 078 probes) to the illumina probe annotation file to get the RefSeq IDs and excluded the RefSeq IDs without the unique locations in the human genome using UCSC human RefSeq transcript annotations. Finally, we got 12 277 RefSeq transcripts for further analysis.

When dividing the samples into groups by gender, collected brain regions or age, we also excluded the transcripts that were detected in \<5% of each group.

Brain expressed miRNA selection
-------------------------------

To maximize the collection of miRNAs preferentially expressed in the brain, two miRNA expression datasets were used. For the small RNA library dataset ([@B20]), mature miRNAs with equal to or more than six clones (∼0.4% relative cloning frequency) in the frontal-cortex of an adult were considered (28 miRNA selected). For another microarray dataset ([@B19]), we defined relatively high expression of miRNA with a threshold of 3000, which is six times higher than the background level (58 miRNAs selected).

Combining these two datasets, we obtained 64 distinct mature miRNAs, and merged them into 48 distinct miRNA seeds. To evaluate the conservation of each miRNA seed, we obtained the homologous copies of the 64 human precursor miRNAs in chimpanzee, rhesus monkey, mouse, rat and dog genomes using BLAST. A miRNA seed was considered conservative when at least one of the precursors belonging to a seed have totally identical sequences at position 1--8 in all the six species. Finally, we identified 42 conserved miRNA seeds.

3′UTR sequence alignment and miRNA binding site prediction
----------------------------------------------------------

We downloaded the human RefSeq transcript annotations and the 17-way vertebrate multiZ alignments from the UCSC genome browser ([@B22]). To restrict the miRNA and 3′UTR to the same conservative criterion, we extracted genome-wide multiple alignments of six mammalian species from the multiZ alignments and removed insertions or deletions in the alignments caused by other species. The alignments were built from the following genome assemblies: Human March 2006 (hg18), Chimp November 2003 (panTro1), Macaque January 2006 (rheMac2), Mouse February 2006 (mm8), Rat November 2004 (rn4) and Dog May 2005 (canFam2). We used the RefSeq transcript annotations to the human genome to map multiple alignments of the 3′UTRs.

We used the term 'miRNA site' to refer a 7-mers in a 3′UTR with exact Watson*--*Crick complementary to bases 1--7 or 2--8 from the 5′end of the mature miRNA. We predicted conserved miRNA targets using the conserved 42 miRNA seeds by searching for such 7-mers completely conserved in the custom six-way multiZ alignments. This method is similar to the core PicTar algorithm, but it ignores the relatively small number of predicted imperfect binding sites ([@B14],[@B23]).

For non-conserved miRNA target prediction, we searched for 7-mers for the 42 miRNA seeds using human RefSeq transcript 3′UTRs without conservation criteria. We defined the non-conserved transcript group by removing all genes which have conserved target sites.

A few studies suggested that part of non-conserved sites are functional when mRNA is co-expressed with miRNA ([@B13],[@B16],[@B17],[@B24]). Because of the co-expression pattern of the 42 seeds and 12 277 Refseq transcripts, some non-conserved targets might also be subject to miRNA regulation. Thus we defined non-miRNA-target genes by removing both conserved and non-conserved targets. We focused on the analysis of the conserved targets because the inclusion of conservation criteria could substantially reduce the false positive rate and facilitate the signal-to-noise ratio evaluation ([@B14],[@B25]).

We also used the TargetScan ([@B25]) and PITA ([@B26]) algorithms for target prediction. For TargetScan algorithm, compared with the method described above, it also considers an exact match to positions 2--7 or 2--8 of the mature miRNA with a downstream 'A' across from position 1 of the miRNA as a binding site. We used the data generated by UTRs and five-way UTR multiple sequence alignments with conserved and non-conserved sites corresponding to conserved miRNA families (TargetScan Release 4.1 <http://www.targetscan.org>). We downloaded the full dataset and divided the genes used for target prediction into three categories: conserved targets, non-conserved targets and non-miRNA-target genes of the brain expressed miRNAs. Finally, we mapped them to the 12 277 expressed Refseq transcripts. For PITA algorithm, we downloaded the data from: <http://genie.weizmann.ac.il/pubs/mir07/mir07_data.html>. We considered the top predictions (having an 8-mer seed and a conservation score of 0.9 or higher) of the brain expressed miRNAs as the presumed targets. The non-miRNA-target genes were defined as the predicted targets of all miRNAs minus predicted targets of brain expressed miRNAs. Finally, we mapped them to the 12 277 expressed Refseq transcripts.

Signal-to-noise ratio calculation and coefficient of variation (CV) adjustment
------------------------------------------------------------------------------

Similar to previously described method ([@B25]), we generated two cohorts of randomized miRNA seeds. In the first protocol, for a given miRNA seed, we generated a series of random permutation with the same length and base composition as the seed, until a shuffled sequence was found to have approximately the same abundance of seed matches (±15%) in the human 3′UTRs compared with the original miRNA. In the second protocol, we shuffled the original seed with the precise dinucleotide composition using Altschul--Erikson dinucleotide shuffle algorithm ([@B27]), until the shuffled one had approximately the same abundance of seed matches (±15%) in the human 3′UTRs compared with the original miRNA. This protocol is not applicable to every seed for randomization while preserving the exact dinucleotide composition. Finally we got 23 shuffled ones of the 42 original seeds. The conclusions are consistent when we used the two different shuffling protocols. We only presented the results using the first protocol ([@B25]).

We defined the signal-to-noise ratio as the number of predicted conserved targets (the 'signal') dividing the number of conserved targets predicted by cohort of shuffled miRNAs (the 'noise'). We adjusted the CVs (see Results section for definition) according to signal-to-noise ratio. For example, for a target gene group with 240 genes (grouped by seed number), if the signal-to-noise ratio is 2.4, it means that there are 140 genes above the noise. And for the remaining 100 genes, we could not distinguish them from the noise. Conservatively, we assumed that these 100 genes have the same CVs as the non-miRNA-target genes and corrected CVs by the observed signal-to-noise ratio. Finally, we adjusted the CVs using the following formula: *C*~non~ is the average CV of the non-miRNA-target genes. *R~i~* is the signal-to-noise ratio of target genes recognized by *i* seeds. *X~i~* is the adjusted average CV of group *i*. *C~i~* is the original CV of group *i*. Because we cannot get the ratio for targets recognized by one seed, we considered the corrected CV as its original CV.

CV comparison between SNP-residing targets and non-SNP targets
--------------------------------------------------------------

We collected three SNP datasets for analysis. Firstly, we downloaded the genotype data of the 193 filtered samples reported by Myers *et al.* ([@B21]), which had 500 568 SNPs. We filtered the original data by PLINK analysis toolset ([@B28]) as described before ([@B21]): per sample call rate, ≥90%, per SNP call rate, ≥90%, per SNP minor allele frequency ≥1% and lack of significance (*P* \< 0.05) for Hardy--Weinberg equilibrium tests. Finally, 366 140 filtered SNPs were chosen for further analysis. Secondly, we downloaded the validated SNPs in dbSNP127 version using Ensembl BioMart (5 752 639 SNPs). Thirdly, we downloaded genotype data from the Perlegen Sciences (1 586 383 SNPs) ([@B29]), and chose the SNPs which had per SNP minor allele frequency ≥1% in Americans of European ancestry. Finally, we combined the three SNP datasets and the SNPs with unique positions in the human genome were used. For the SNP-residing target analysis, if one target gene had a SNP located within the entire 22 nt sites in the 3′UTR complementary to the miRNA, we considered it as a SNP-residing target.

Target genes with more miRNA sites have an increased chance to obtain SNPs-residing binding site. Our data showed a positive correlation between CVs and miRNA seed numbers per target gene. To exclude the bias caused by seed numbers, we first counted the seed numbers of each gene in the 277 SNP-residing targets, then classified genes by seed numbers and got a list containing the information of the number of targets for a specific seed number. We also classified the genes by seed numbers in the non-SNP targets. Finally, we randomly extracted 277 genes in the non-SNP target dataset using the list inferred from SNPs-residing targets, i.e. for each class, we extracted the same number of genes according to the list. We repeated the extraction for 10 000 times, then compared the average CV of the SNP-residing targets with the normal distribution of the CVs of the randomly sampled non-SNP target dataset. We also performed the same analysis to correct the bias caused by the binding site numbers.

Data analysis
-------------

Because the distribution of 12 277 transcripts' CVs does not fit a normal distribution, we used Mann--Whitney test when comparing the difference between gene groups. For the linear regression analysis, we transformed the CV values to approximately a normal distribution as described previously ([@B30]). In brief, we used a natural log transformation (CV\' = In(CV + *k*)), where *k* was chosen to maximize the correlation with a linear fit at a normal probability plot. We further normalized CV′ to a mean of 0 and SD of 1. We also transformed the UTR lengths, which is highly skewed, to approximately a normal distribution using the log function.

A series of Perl scripts were written to perform target predictions and other data analysis. Gene expression analyses were performed by R ([@B31]) and bioconductor ([@B32]). Linear regression analyses with confounder (partial correlation) were performed by SPSS software.

RESULTS
=======

Positive correlation between gene expression variability and miRNA seed number/binding site number per target gene
------------------------------------------------------------------------------------------------------------------

In general, multiple miRNAs could coordinately regulate one specific target gene ([@B14],[@B33]). If miRNAs directly contribute to the gene expression variability, we would expect that for a target gene, the effect of miRNAs on gene expression becomes stronger when there are more miRNA targets in the 3′UTR region. To test this, we used several public datasets to study the miRNA-mediated gene regulation. We calculated the variability of individual gene using the data generated by Myers and colleagues ([@B21]), who carried out whole-genome expression analysis on 193 neuropathologically normal human cortex samples. For each gene, we defined the variability in gene expression levels among individuals as coefficient of variation (CV), i.e. the standard deviation divided by the mean, which is the most direct and unambiguous measurement of gene expression variability ([@B34]). In parallel, we selected miRNAs preferentially expressed in the brain by combining one microarray dataset ([@B19]) and one small RNA library dataset ([@B20]), and we identified 42 miRNA seeds \[defined by position 1-8 of the mature miRNAs, critical for target recognition ([@B35])\] which are conserved in six mammalian species for analysis ([Supplementary Table S1](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). We predicted the target genes using a widely accepted model in which miRNA-mRNA binding is nucleated by an exact Watson--Crick match to the first six to eight bases from the 5′end of miRNA \[see Rajewsky ([@B35])\]. Using this approach, we identified 4358 conserved target genes and 1663 non-miRNA-target genes in Myers' data (see Materials and Methods section).

We first estimated the correlation between miRNA seed numbers per target gene and the CVs of target genes. Interestingly, the CV of a target gene significantly correlated with its targeted seed number (Spearman correlation *ρ* = 0.049, *P* = 0.001). Furthermore, when the target genes were grouped by targeted miRNA number, we found a positive correlation between the average log transformed CVs and the miRNA seed numbers (*R*^2^ = 0.77, *P* = 0.0002, Pearson correlation coefficient) ([Figure 1](#F1){ref-type="fig"}A). These observations suggest that the miRNAs increase the CVs of the target genes, and the effect could be accumulative. Figure 1.Increased variability of gene expression is concomitant with the increased miRNA-mRNA interaction. (**A**) The correlation between miRNA seed numbers per target gene and the average CVs. The average CV of the non-miRNA-target genes is indicated in *Y*-axis by triangle. The dash line indicates the linear least square regression line. The *R*^2^ and *P*-value are indicated. The set of groups was restricted to those including at least 20 genes. (**B**) The correlation between miRNA binding sites per target gene and the average CVs.

Additionally, because one miRNA seed can have more than one binding sites in a specific gene, we also evaluated the relationship between the numbers of binding sites per gene and CVs. Again, we found a positive correlation between CV of a gene and its target binding site number (Spearman correlation *ρ* = 0.052, *P* = 0.001), and also a positive correlation between the average log transformed CVs and the miRNA binding site numbers (*R*^2^ = 0.68, *P* = 0.0002, Pearson correlation coefficient) ([Figure 1](#F1){ref-type="fig"}B).

It was suggested that cooperation of miRNAs or multiplicity of target sites could boost the signal-to-noise ratio of prediction ([@B14],[@B36]). To eliminate the potential effect of signal-to-noise ratio on the observed positive correlation between the miRNA seed numbers and the average CVs, we adjusted the CVs according to signal-to-noise ratio. Firstly, we estimated the signal-to-noise ratio using the ratio of the number of transcripts with *n* miRNA seeds for real versus random miRNA seeds. As expected, the cooperation of miRNAs does help to raise the signal-to-noise ratio ([Figure 2](#F2){ref-type="fig"}A). We then adjusted the average CVs (see Materials and Methods section) and tested the relationship again. We found that although the adjusted CVs are larger than the original ones, the positive correlation still holds (*R*^2^ = 0.80, *P* = 0.000087, Pearson correlation coefficient) ([Figure 2](#F2){ref-type="fig"}B). Because the above signal-to-noise ratio calculation method failed to obtain the signal-to-noise ratio of target genes recognized by one seed ([Figure 2](#F2){ref-type="fig"}A), we also estimated the signal-to-noise ratio using the ratio of the number of transcripts with at least *n* miRNA seeds for real versus random miRNA seeds and corrected CVs using these ratios. Finally, we observed the same correlation ([Supplementary Figure S1](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). Figure 2.Adjusting CVs by signal-to-noise ratio does not affect the positive correlation between miRNA seed numbers and CVs. (**A**) Plot of the number of target genes recognized by *n* seeds. The distribution for the real seeds (solid circles) is shown alongside the distribution for the random seeds (hollow circles). The line bar indicates the ratios of the number of transcripts with *n* seeds for real versus random seeds and the right *Y*-axis represents the signal-to-noise ratio. (**B**) The correlation between miRNA seed numbers per target gene and the adjusted CVs. The average CV of the non-miRNA-target genes is indicated in *Y*-axis by triangle. The dash line indicates the linear least square regression line. The *R*^2^ and *P*-value are indicated.

Similarly, we also estimated the signal-to-noise ratio using the ratio of the number of transcripts with *n* binding sites of real versus random miRNA seeds and adjusted the CVs using these ratios. We found that the multiplicity of targets helps to raise the signal-to-noise ratio and the positive correlation still holds (data not shown).

Length of 3′UTR and gene expression variability
-----------------------------------------------

Genes with longer 3′UTRs may have more miRNA target sites on average. As a result, the 3′UTR length could be a potential confounding factor. To exclude the effect of 3′UTR length, we tested the correlation between the average log transformed CVs and the miRNA seed numbers using a linear regression model with the average log transformed UTR length as the confounder. It is shown that the positive correlation still holds (*R*^2^ = 0.64, *P* = 0.0033), so does the positive correlation between the average log transformed CVs and the miRNA binding site numbers (*R*^2^ = 0.55, *P* = 0.0024).

It is well known that besides of the miRNA target sites, the 3′UTRs also have other *cis*-acting elements or alternative polyadenylation signals affecting the mRNA expression levels ([@B37; @B38; @B39]). In addition, sequence variations \[e.g. SNPs ([@B40]) and microsatellites ([@B41])\] in the 3′UTRs may affect *cis*-acting element efficiency, polyadenylation site selection and RNA secondary structure, and eventually influence mRNA stability ([@B40]). These factors may also contribute to gene expression variability in human populations, and therefore, the observed correlation between CVs and miRNA seed numbers/binding site numbers may be explained by the non-miRNA factors. To test the contribution of the non-miRNA factors, we used the 3′UTR length as the indicator because the longer the 3′UTR is, the more the regulators and genetic variants could reside in. Our data show that when the target genes are recognized by only one or two miRNA seeds, the CVs are positively related to the 3′UTR length ([Figure 3](#F3){ref-type="fig"}A, [Supplementary Table S2](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1) for details). This observation suggests that the CVs of the target genes recognized by one or two seeds might be affected by the non-miRNA factors rather than miRNAs. In contrast, for target genes recognized by three or more seeds, the CVs are not related to the 3′UTR length ([Figure 3](#F3){ref-type="fig"}B, [Supplementary Table S2](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1) for details), implying that miRNAs contribute to CVs of genes recognized by multiple miRNAs. [Figure 3](#F3){ref-type="fig"}A and B show the examples of the relationship between the 3′UTR length and CVs. Similarly, for the target genes with one or two binding sites, the CVs are positively related to the 3′UTR length ([Figure 3](#F3){ref-type="fig"}C, [Supplementary Table S3](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1) for details). In contrast, for genes with three or more binding sites, most of the CVs do not show correlation with the 3′UTR length ([Figure 3](#F3){ref-type="fig"}D, [Supplementary Table S3](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1) for details). Figure 3.Examples of relationship between 3′UTR length and CVs. (**A**) Genes recognized by one seed were ascendingly ranked according to their 3′UTR lengths and incorporated into eleven groups with the same gene number. Spearman\'s rho was calculated between the 3′UTR ranks and the average CVs of each group. The positive correlation was identified. (**B**) For genes targeted by four seeds, using the same grouping approach, no correlation was identified between the 3′UTR ranks and the average CVs. (**C**) For genes with one miRNA binding site, using the same grouping approach, the positive correlation was identified. (**D**) For genes with four miRNA binding sites, using the same grouping approach, no correlation was identified.

Collectively, our data demonstrate that compared with the CVs of non-miRNA-target group, the CVs of target genes recognized by one or two miRNA seeds are similar (*P* = 0.77, two-tailed Mann--Whitney test), whereas the CVs of the target genes recognized by more than two miRNA seeds are significantly higher (*P* = 0.011, two--tailed Mann--Whitney test) ([Table 1](#T1){ref-type="table"}). When we divided the samples by gender or brain regions, the differences are still significant except for the temporal cortex ([Table 2](#T2){ref-type="table"}). In addition, the observed higher CVs of miRNA target genes do not depend on specific miRNAs ([Supplementary Figure S2](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). Table 1.Comparison of gene expression variability between miRNA target genes and non-miRNA-target genesSeed region based methodExperimentally verified[^a^](#TF3){ref-type="table-fn"}Tar1-2/NonTar\>2/NonTargets/NonNum2454/16631904/1663109/1663Median0.077/0.0780.08/0.0780.087/0.078*P*-value[^\#^](#TF1){ref-type="table-fn"}0.770.011[\*](#TF2){ref-type="table-fn"}0.001[\*](#TF2){ref-type="table-fn"}[^1][^2][^3][^4] Table 2.Comparison of gene expression variability between miRNA target genes (recognized by three or more miRNA seeds) and non-miRNA-target genes in sub-samples divided by gender or brain regionsMaleFemaleFrontal- cortexTemporal- cortexMedian (targets/non- targets)0.077/0.0740.081/0.0760.071/0.0670.074/0.073*P*-value[^\#^](#TF4){ref-type="table-fn"}0.028[\*](#TF5){ref-type="table-fn"}0.00025[\*](#TF5){ref-type="table-fn"}0.0079[\*](#TF5){ref-type="table-fn"}0.17[^5][^6]

As described above, miRNAs contribute to CVs of genes recognized by multiple miRNAs. To confirm this observation, we calculated the correlations between the CV of a target gene with more than two seeds/binding sites and its target seed/binding site number when considering the 3′UTR length as the confounding factor. [Table 3](#T3){ref-type="table"} shows that the positive correlations still hold. Table 3.The relationship between CV of a gene and miRNA seed number/binding site numberSeed region based methodPITA methodTargetScan methodCV/seed numberCV/binding site numberCV/seed numberCV/seed number*r*0.0560.060.0620.051*P*0.014\*0.008\*0.0032\*0.048\*[^7]

To exclude the possibility that the pattern we observed was only restricted to a specific prediction algorithm, we performed the same data analysis using other two target prediction algorithms-TargetScan and PITA ([@B25],[@B26]). The same positive correlation between expression variability of a gene and its targeted miRNA seed number was observed (TargetScan: *ρ* = 0.049, *P* = 0.002; PITA; *ρ* = 0.057, *P* = 0.002) ([Table 3](#T3){ref-type="table"}), as well as the same difference between miRNA target genes and non-miRNA-target genes ([Supplementary Table S4](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). As the above analyses were based on the predicted target genes, we also calculated the average CV of the experimentally validated target genes of miR-124 ([@B12]) and found that the average CV of miR-124a\'s targets is significantly higher than that of the non-miRNA-target genes ([Table 1](#T1){ref-type="table"}).

SNPs located in the miRNA binding sites and gene expression variability
-----------------------------------------------------------------------

SNPs located in the miRNA binding sites are shown to affect the interaction between miRNAs and the target genes ([@B42],[@B43]). Such variation in the binding sites is abundant in human ([@B44]), and may affect gene regulation and phenotypic variation. To evaluate the influence of such SNPs on the gene expression variability, we searched among 5 687 169 SNPs which were mapped to the unique positions in the human genome, and identified 277 genes with SNPs in the putative binding sites (defined as SNP-residing targets). We compared the average CV of SNP-residing targets with the average CV of non-SNP targets. The CV of SNP-residing targets is slightly higher than that of the randomly sampled non-SNP targets when corrected by seed numbers ([Supplementary Figure S3](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1), *P* = 0.047) or binding site numbers (*P* = 0.049) (refer to Materials and Methods seciton for details), suggesting that the SNPs might further increase the CVs within target gene groups. However, it should be noted that, because of the different sample sets of SNPs and the expression data, the above SNP based analysis needs to be confirmed using the same sample set in the future.

DISCUSSION
==========

Previous study found that miRNA decreased the cross-species expression divergence, suggesting a role of miRNA in evolutionary constraints on gene expression variation ([@B18]). However, our analysis revealed an unexpected role of miRNAs on increasing within-species gene expression variability, independent of miRNA types or functional categories (see [Supplementary Discussion](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). There are two possible explanations about this phenomenon. One possibility is that our result does reveal a general positive correlation pattern between the miRNA seed numbers per target gene and the CVs, and the expression variation of miRNAs themselves may lead to the increased CVs of the target genes. Most highly expressed miRNA sequences are conserved among species, suggesting functional constraints among species. However, the expression of miRNAs may fluctuate constantly at the population level during evolution to provide more options for adaptation. It is known that genes involved in basic cellular processes tend to avoid miRNA regulation due to short 3′UTRs that are specifically depleted of miRNA binding sites ([@B16]). Most of these genes are house-keeping or essential genes and the fluctuation of their expression is much lower compared with other genes ([@B45],[@B46]). Consistent with this notion, our results show that the non-miRNA-target genes have lower expression variability compared with the target genes.

Alternatively, as the data analyzed in this study were from aged human subjects, our result may be explained by the increased fluctuation of miRNA expression during aging. To address this, we divided the 193 samples into three age groups (stage 1, 65- to 74-year-old; stage 2, 75- to 84-year-old; stage 3, 85 and older) ([@B47],[@B48]), and compared the CVs between groups. Of the 11 958 genes surveyed, more than half of the genes showed decrease from stages 1 to 2 (6357 decreased genes and 5601 increased genes, *P* = 6.7 × 10^−8^, two-tailed Wilcoxon Signed Ranks Test) ([Supplementary Figure S4](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). However, no significant increase or decrease was found between stages 2 and 3 (*P* = 0.61, two-tailed Wilcoxon Signed Ranks Test) ([Supplementary Figure S4](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)). This observation is consistent with a previous study ([@B49]), in which the individuals with the age ≤42 or ≥73-years-old showed more homogeneous pattern of gene expression in brain compared with individuals of 43- to 72-years-old. Interestingly, for target genes recognized by three or more miRNAs, there is no difference of CVs between stages 1 and 2 ([Supplementary Figure S4](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)) (*P* = 0.166, two-tailed Wilcoxon Signed Ranks Test), but we observed a significant increase from stages 2 to 3 ([Supplementary Figure S4](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1)) (973 increased genes and 895 decreased ones, *P* = 0.001, two-tailed Wilcoxon Signed Ranks test). This observation suggests that aging might be another potential factor contributing to the expression fluctuation of miRNAs and eventually leads to increased target gene expression variability. Population level miRNA expression analysis of different developmental stages in the future will be informative to test this hypothesis.

In conclusion, we revealed that the increased expression variability of genes is concomitant with the increased number of miRNA seeds per target gene, suggesting direct influences of miRNA on gene expression variability, which may eventually contribute to phenotypic variation in human populations.

SUPPLEMENTARY DATA
==================

[Supplementary Data](http://nar.oxfordjournals.org/cgi/content/full/gkn431/DC1) are available at NAR Online.
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[^1]: Tar1-2, target genes recognized by 1--2 miRNA seeds; Tar\>2, target genes recognized by three or more miRNA seeds; Non, non-miRNA-target genes; Num, gene numbers.

[^2]: ^\#^Based on Two-tailed Mann--Whitney test.

[^3]: \**P* \< 0.05.

[^4]: ^a^The experimentally verified targets are the targets of miR-124, which is one of the most abundant miRNAs in brain. These targets seem to be down-regulated in mRNA levels by miR-124 ([@B12]). We downloaded the target information of miR-124 from TarBase ([@B50]).

[^5]: ^\#^Based on Two-tailed Mann--Whitney test.

[^6]: \**P* \< 0.05.

[^7]: The genes targeted by more than two miRNA seeds or with more than two binding sites were chosen. The *r* and *P*-values were calculated using log transformed 3′UTR length as the confounding factor.
